The devastating impacts of drought are fast becoming a global concern. Zimbabwe is among the countries more severely affected, where drought impacts have led to water shortages, declining yields, and periods of food insecurity, accompanied by economic downturns. In particular, the country's agricultural sector, mostly comprised of smallholder rainfed systems, is at great risk of drought. In this study, a multimethod approach is applied, including a remote sensingbased analysis of vegetation health data from 1989-2019 to assess the drought hazard, as well as a spatial analysis combined with expert consultations to determine drought vulnerability and exposure of agricultural systems. The results show that droughts frequently occur with changing patterns across Zimbabwe. Every district has been affected by drought during the past thirty years, with varying levels of severity and frequency. Severe drought episodes have been observed in . Drought vulnerability and exposure vary substantially in the country, with the south-western provinces of Matabeleland North and South showing particularly high levels. Assessments of high-risk areas, combined with an analysis of the drivers of risk, set the path towards tailor-made adaptation strategies that consider drought frequency and severity, exposure, and vulnerability.
Introduction
Climate change and its diverse environmental and societal impacts have become a major global concern [1-3]. Droughts are complex, multifaceted, slow-onset hazards that can last for several months or years, affecting wide geographic areas and a large number of people [4] [5] [6] , with severe consequences for human wellbeing, the environment, and the economy [7] . Moreover, it is likely that droughts will increase in the future due to climate change [8, 9] . Global warming has resulted in a higher frequency and severity of droughts in the Mediterranean, many parts of South America, much of Africa, and north-eastern Asia [10] . Drought as a hazard is a product of climate related-factors such as rainfall, moisture deficiency, and temperature, but is also influenced by anthropogenic alterations of hydrological processes and the physical environment [11] . Commonly, droughts are classified into four major types, i.e., (i) meteorological, (ii) hydrological, (iii) agricultural, and (iv) socio-economic [12] . Since drought development cannot solely be attributed to climate drivers, the consideration of socio-economic preconditions through a coupled perspective on human-environment systems is crucial [13] [14] [15] . However, these fields are often considered in isolation from each other, ignoring the complex feedback between natural and human drivers [11] .
Given the devastating impacts of droughts, there has been increasing global cooperation and priority setting with regards to proactive drought risk management [16] , which has been identified for many parts of the world as either inefficient or altogether absent [15, 17, 18] . Dealing with drought is very complex, as the dimensions of this hazard are not fully understood, and it remains a challenge to precisely assess drought onset, duration, and spatial extent [7, 11] . In wealthy countries that have adequate adaptive and coping capacities, droughts cause high financial and economic losses that can often be addressed through existing contingency funds or insurance schemes, whereas in countries lacking these capacities, droughts often lead to food shortages and famine [19] [20] [21] . Food-deficit countries with a high dependence on rainfed agriculture as the primary economic sector are more susceptible to drought, with the rural population particularly being vulnerable [1] . Countries with weak economies often suffer the most from the impacts of drought, given the restricted amount of resources available to proactively deal with it [22] . Hence, the highest drought mortality risk arises in Sub-Saharan Africa, whereas the highest economic losses occur in western and southern Europe, Central America, the Middle East, Australia, and north-eastern China [1, 15] .
Zimbabwe is among the countries in southern Africa that are heavily affected by droughts [23] [24] [25] [26] [27] . In particular, the agricultural sector is severely challenged by this hazard [28] , exposing farmers to insufficient rainfall patterns [29] . Agriculture accounts for approximately 12% of the country's Gross Domestic Product (GDP) [30] . About 70% of the population directly depends on agricultural outputs [31] , and more than 60% conducts rainfed subsistence and semisubsistence agriculture [26] . In particular, smallholder farmers growing crops under rainfed conditions are highly susceptible to drought due to their dependency on climate-sensitive resources [26, 32, 33] . Climate-induced water stress intensifies preexisting problems including declining agricultural and economic productivity coupled with poverty and insecurity [34] . Maize is the most commonly grown staple food in Zimbabwe, cultivated by smallholder farmers for subsistence farming, but is highly sensitive to dry conditions and erratic rainfall [23, [35] [36] [37] . Rural households face enormous challenges due to drought impacts that, in combination with crop diseases and pest attacks, lead to yield losses and highly uncertain incomes, representing the biggest poverty trap in Zimbabwe [38] [39] [40] . By threatening agricultural livelihoods, droughts are also hampering the achievement of the sustainable development goals in Zimbabwe, notably SDG1 (no poverty), SDG2 (zero hunger), and SDG3 (good health and well-being).
Research and investigations into the drivers and patterns of drought risk are increasing global in scope [1, 7, 17] , due to its multifaceted impacts on water availability, agricultural outputs, health, economy, and the natural environment [15, 17, 18] . Studies focusing on drought vulnerability, however, have been less numerous than those dealing with the physical perspective of drought development [41, 42] , even though the coupling of both dimensions has been identified as crucial [7, 11, 43] . Drought development and monitoring have also received increased attention in Zimbabwe, since droughts have devastating impacts in many parts of the country. Commonly, the drought hazard in the country is quantified with precipitation records [44, 45] ; however, weather stations are not homogeneously distributed in Zimbabwe, nor do they provide spatially-and temporallyconsistent records that make multidecadal analyses possible [46] .
The potential of remote-sensing techniques for drought monitoring has not been fully explored in Zimbabwe, but has enormous potential to provide spatially-and temporally-consistent drought [46] and early-warning information [26] . In addition to drought monitoring, several studies have emerged concerning Zimbabwe's vulnerability to drought in the context of climate change [32, 33, 47, 48] . Many of these have focused on the negative impacts on agricultural production [26, [32] [33] [34] 36, 49] , as Zimbabwe has suffered from periods of severe food insecurity and famine, given its dependency on rainfed agriculture. Furthermore, several studies have dealt with adaptation and coping strategies in the context of drought [22, 23, 27, 35, 40, 50, 51] . Existing studies on drought vulnerability have been primarily conducted on the local and district levels [36, 50, 52] , often investigating the various factors that are relevant in the context of drought vulnerability, including economic, social, health, environmental, and political dimensions.
There is lack of comprehensive drought risk assessments on the national level [39, 53] that consider spatially-and temporally-consistent hazard information complemented by drought exposure and vulnerability factors. Since proactive drought management requires a better understanding of both natural and human drivers, comprehensive risk assessments are a prerequisite for identifying drought adaptation and vulnerability reduction strategies [7, 17, 54] . This paper aims to address this gap by providing a multidimensional drought risk assessment specifically for Zimbabwe. Drought hazard, exposure, and vulnerability information is compiled into a drought risk index. The focus lies on agricultural systems, hereby defined as systems including crops and people engaged in agricultural activities, due to the country's dependence on agriculture [31] . High-risk areas are identified, and the interplay of all risk components is analyzed. Such information has been stated as a clear need in Zimbabwe [28, 39, 55, 56] and is a preliminary step towards addressing drought in a strategic and coordinated manner.
Materials and Methods

Case Study
Zimbabwe is a landlocked country in southern Africa, occupying an area of 390,800 km 2 , with a population of 13.60 million people [57] . It is a low income and food-deficit country [58] , and was ranked 156 out of 188 countries on the Human Development Index [59] and 109 out of 117 countries on the Global Hunger Index [60] . The Republic of Zimbabwe is divided into ten administrative provinces, which are further subdivided into 59 districts and 1200 wards. The capital and largest city is Harare, in the north-central part of the country, followed by Bulawayo, an equally important economic city situated in the south-west. A large proportion of the country is covered by croplands, mainly consisting of rainfed agriculture [32; 61] . Based on NDVI observations from 2013-2018 [61] , show that rainfed agricultural systems represent the largest share in the country, whereas irrigated systems have a smaller extent ( Figure 1 ). 
Conceptual Risk Framework
The presented drought risk analysis builds on the conceptual risk framework proposed by Working Group 2 of the Intergovernmental Panel on Climate Change (IPCC) in its 5th Assessment Report, where risk is a function of (drought) hazard, exposure, and vulnerability [2] . Exposure is defined as the presence of people, livelihoods, species or ecosystems, environmental functions, services, and resources, infrastructure, or economic, social, or cultural assets in places and settings that could be adversely affected by drought hazard. Exposure and hazard are interconnected elements. Drought vulnerability is understood as the predisposition to be adversely affected by drought, and is assessed through a social-ecological system lens by considering the subcomponents social susceptibility, ecosystem susceptibility, and a lack of coping capacity [14, 62] . Adaptive capacity (or the lack thereof) is often conceptualized as a subcomponent of vulnerability (e.g., [2] ); however, due to the forward-looking nature of the concept, adaptation is framed in this analysis as part of potential solutions that will shape future risk pathways, instead of considering it as a factor that determines present-day drought risk, which is the focus of this analysis. Figure 2 shows the overall workflow of the analysis. Hazard, exposure, vulnerability, and ultimately, risk are assessed using a multimethod approach. The drought hazard analysis builds on remote sensing data incorporating seasonal vegetation health composites over the last thirty years . Exposure is derived from the integrated analysis of the hazard data with a dataset differentiating between rainfed and irrigated crops provided by Landmann et al. (2019) [61] . To assess vulnerability, a composite indicator-based approach is applied [42, [63] [64] [65] , comprising a widespread approach to assessing vulnerability and risk associated with climate-related hazards [66] . The drought vulnerability indicator selection is based on a systematic literature review focusing on drought vulnerability in Africa and Zimbabwe. Data was acquired from multiple sources, including spatial and statistical data, followed by statistical operations including missing data and outlier treatment, as well as multicollinearity analysis. An expert survey was conducted to weight drought vulnerability indicators according to their relevance. As a final step, drought hazard, exposure, and vulnerability are compiled into a drought risk index. The Normalized Difference Vegetation Index (NDVI= (NIR-RED)/(NIR+RED)) is a ratio between the red band (RED) and near-infrared (NIR) band, and is the most commonly applied index to measure the status of vegetation [67] . However, vegetation stress caused by drought conditions is closely related to weather conditions. Thus, other vegetation indices considering weather impacts are more appropriate for drought risk analyses [37, 68] .
Workflow
The Vegetation Condition Index (VCI = (NDVI -NDVImin)/(NDVImax+NDVImin) is derived from the NDVI by scaling values between minimum and maximum values over a defined time period to detect plant stress [69] [70] [71] . This pixel-based normalization of the NDVI contains percentage values (0 to 100%), and is frequently applied to capture the severity of agricultural droughts [72] . The VCI separates weather-related NDVI fluctuations from observed long-term changes in vegetation condition [37] ; hence, it is particularly useful for making relative assessments and detecting drought dynamics during a season [72, 73] . Since drought is defined as a phenomenon with below normal water availability over an extended period of time [74] , relative assessments are essential to estimate normal and abnormal levels of water availability.
To identify temperature-related vegetation stress, the Temperature Condition Index (TCI = (Tmax-T)/(Tmax-Tmin )×100) is suitable, with Tmax referring to the maximum temperature envelope and Tmin indicating the minimum temperature envelope [37] . This algorithm is based on thermal infrared observations [69; 71] . In contrast to the NDVI and VCI, high TCI values indicate undesirable conditions, whereas low temperature values imply mostly favorable conditions [37] .
The Vegetation Health Index (VHI) is derived from both the VCI and TCI (VHI = αVCI+(1-α) TCI), where α refers to the relative contribution of the VCI and TCI [69] . It has been widely applied for drought monitoring [75] , and is frequently used in case studies in the context of drought monitoring on a global level [69] , as well as in Africa [19, 76] , Asia [68] , and Europe [77] .
The VHI, as a combined index of TCI and VCI, can be used as a proxy for drought development, taking both temperature conditions and vegetation stress into account [68] . High VHI values correspond to healthy undisturbed vegetation, whereas low VHI values indicate thermal stress in vegetation due to high temperature and dryness [69] . Thresholds have been developed to detect drought conditions according to the vegetation health status [37, 78] . VHI values between 0 and 40 indicate drought conditions with different severity levels (Table 1) , and provide the hazard information in this assessment. VHI data was derived from the National Oceanic and Atmospheric Administration (NOAA) Advanced Very High Resolution Radiometer (AVHRR) from 1989-2012 and the Visible Infrared Imaging Radiometer Suite (VIIRS) from 2013-2019. Data is available as 4 km Blended-VHP (Vegetation Health Product) in GEO-TIFF format in weekly composites [80] . Seasonal VHI composites adjusted to the cropping season of maize in Zimbabwe (December -February) from 1989-2019 provide inputs to identify regions that are affected by drought, either with a high frequency or high severity. Two different datasets were produced: one incorporating drought severity levels according to the drought severity thresholds (Table 1) , and a second consisting of an aggregated drought scene indicating the number of drought events over the last thirty years on a pixel-level, following the methodology of Rojas et al. (2011) [19] and Kogan (1995 Kogan ( , 2001 [37, 79] . A binary map was created for each season, with 0 indicating no drought (VHI values higher than 35) and 1 indicating drought conditions (VHI values below 35).
Drought Exposure Analysis
Exposure of agricultural systems to drought was computed with a land use/land cover (LULC) dataset differentiating between rainfed and irrigated agriculture in Zimbabwe, derived from NDVI observations from 2013-2018 provided by Landmann et al. (2019) [61] . Rainfed systems are more common in Zimbabwe, whereas irrigated systems show more isolated patterns in northern and southern Zimbabwe (Figure 1 ). For the risk analysis on a pixel level, the breakdown of rainfed, irrigated, and combined agriculture was considered. Pixels were reclassified for each agricultural system (rainfed, irrigated, and combined). Drought exposure was calculated using Geographic Information Systems (GIS) by combining the drought hazard data (reclassified among the severity levels presented in Table 1 ) with the LULC dataset. The amount of exposed croplands for each severity class was subtracted from the total amount of croplands per district.
Drought Vulnerability Analysis
A systematic literature review based on predefined search terms was conducted using the search engines Web of Science and Scopus in order to synthesize the main underlying drivers of drought vulnerability in Africa and Zimbabwe, and to identify suitable drought vulnerability indicators. The following guiding questions were used to identify suitable papers: Which vulnerability dimensions are considered as relevant? What are the main drivers of drought vulnerability? How is drought vulnerability assessed? What type of data is useful to represent the indicators? The search query and relevant keywords are presented in Table 2 . Table 2 . Search terms to identify relevant papers for the vulnerability indicator selection.
Database Search Equation Papers Retrieved Papers Selected
Web of Science with TI = title and TS = topic.
In the next step, the titles and abstracts of the retrieved articles were screened to identify relevant papers that refer to the identified guiding questions. Seven additional papers were retrieved through a nonsystematic search for the vulnerability indicator selection. The selected papers were analyzed with the MAXQDA software [81] . A coding scheme was developed to identify all relevant drought vulnerability indicators. Indicators were grouped among the vulnerability subcategories, including social susceptibility, ecosystem susceptibility, lack of coping capacities, and lack of adaptive capacities.
A drought expert survey in Zimbabwe was conducted to rank indicators according to their relevance, and to apply a weighting to the final set of indicators. A Likert scale from 0 to 4 was used, whereby 0 indicates not relevant, 1 represents low relevance, 2 equals medium-low relevance, 3 indicates medium-high relevance, and 4 represents high relevance [82] . Furthermore, an "I don't know option" was provided; however, inputs were not considered for the final indicator weights. For reasons of clarity, all indicators were grouped according to their thematic dimension: agriculture, economy, infrastructure, social, health, and land use. Twelve experts participated in the survey, the majority of whom work in academia (41.7%) and NGOs (41.7%). Most of the experts had either more than ten years of working experience in Zimbabwe (33.3%) or three to five years (33.3%), and worked specifically in the context of drought (83.3%). More information on the background of the experts who participated in the survey is provided in the supplementary material.
In total, 65 different drought vulnerability indicators were identified. Indicators referring to adaptive capacities were excluded, since adaptive capacity does not affect present-day drought risk, but is only considered relevant when it comes to future drought risk pathways. Based on data availability, 32 indicators were selected to perform the vulnerability assessment (Table 3) . The data for the vulnerability indicators were collected from multiples sources (e.g., statistical reports and spatial data portals). All utilized datasets are open access, to ensure that the results can be validated and reproduced. Potential outliers in the data were examined using box plots based on the interquartile range, skewness, and kurtosis. A skewness value higher than 1 and a kurtosis value greater than 3.5 flag potential outliers [99] . The variables S_SEC and S_LIT were averaged under one education indicator, and the variables S_AGE and S_CHI both included under social dependency.
A multicollinearity analysis was performed to avoid overrepresentation of selected indicators [63] . If a dataset has variables showing a correlation coefficient lower than -0.9 and higher than 0.9, both indicators should be excluded [100] . However, no indicators indicated a very strong positive or negative correlation (r = 0.9); hence, all indicators were included in the final assessment. The results of the multicollinearity analysis are presented in the Supplementary Material.
Since the data results from multiple sources are provided in different formats, all inputs were normalized using a min-max-normalization approach [42] , one of the most common approaches for index construction in the field of vulnerability, risk, and resilience research [101] . For variables with a positive correlation, the following linear transformation was applied: Xi' = (Xi-Xmin)/(Xmax-Xmin), with Xi representing the generic value of a district, Xmin referring to the minimum value, and Xmax to the maximum value in a dataset. For variables with a negative contribution to vulnerability, the following formula was applied: Xi' = 1-(Xi-Xmin)/(Xmax-Xmin) [42] . After doing this, all indicators have an identical range between 0 and 1, with 0 indicating the lowest vulnerability and 1 marking the highest [1] . In the next step, the normalized indicators were aggregated into a vulnerability index (VI) based on weighted arithmetic aggregation, where Xi ' refers to the normalized indicators and Wi to the respective indicator weight given by the experts.
Drought Risk Index
The results of the hazard exposure analysis and the vulnerability index were then further combined in a drought risk index (DRI) through multiplicative aggregation, whereby both risk components (i.e. exposure to droughts and vulnerability) were weighted equally:
Two risk datasets were created following this approach. One risk map considers drought frequency by aggregating the amount of drought years (VHI < 35) that have occurred during the past thirsty years . The second approach focuses on drought severity by considering the thresholds for mild, moderate, severe, and extreme events ( Table 1 ).
Results
Drought Hazard
The findings reveal that droughts frequently occur in many regions of Zimbabwe. During the last thirty years, intense drought seasons occurred in 1991-1992, 1994-1995, 2002-2003, 2015-2016 , and 2018-2019 ( Figure 3 ). Every district of Zimbabwe has been affected by drought development, in particular, the south-western provinces Matabeleland North and Matabeleland South. There are also seasons showing isolated patterns of droughts that vary spatially (e.g., 2003-2004, 2006-2007, 2011-2012, and 2017-2018) . Mashonaland East and Manicaland are generally less affected by drought. VHI values below 35 were aggregated to identify spatial patterns of drought frequency over the period of thirty years, and then averaged on a district level ( Figure 4 ). The five districts with the highest average number of drought events were Beitbridge (7.05 droughts in 30 years), Hwange (6.91), Bulilima (6.90), Buhera (6.84), and Tsholotsho (6.70). The five districts with the lowest average of drought events were Mutasa (1.99), Zaka (2.36), Morondera (2.69), Wedza (2.74), and Nyanga (2.89) (Figure 4) . When looking at the average number of drought events on a provincial level, Matabeleland South and Matabeleland North indicated the highest average of drought events, followed by the Midlands Province, Mashonaland West, Mashonaland Central, and Manicaland. Masvingo and Mashonaland East have the lowest average of drought events. 
Drought Exposure
While almost all cropland is exposed to mild and moderate droughts (Figure 5a, 5b) , the exposure to severe and extreme droughts (Figure 5c, 5d ) is significantly lower, in particular in the central-eastern provinces of Zimbabwe (Mashonaland East, and Manicaland). Those regions lie in agro-ecological zones I and II, which are more fertile, and generally more suitable for farming activities [102] . It is also visible that the western parts of Zimbabwe have a low share of croplands, but are exposed to mild, moderate, severe, and extreme droughts (agro-ecological zones VI and V). 
Drought Vulnerability
The findings of the expert survey reveal the importance of a multidimensional assessment, as indicators from several dimensions were ranked with a high relevance ( Table 3 ). The five most and least relevant indicators for the available dataset are presented in Table 4 . An overview of all indicator scores derived from the expert weighting is presented in Table 3 . A chart visualizing the results of the expert survey for each indicator is presented in the Supplementary Material. Drought vulnerability varies substantially across the country. Low levels are particularly observed in Manicaland, which also performs comparably well in all social indicators. Contrastingly, provinces with high vulnerability scores are Matabeleland South, Matabeleland North, and Masvingo ( Figure 6 ). These provinces are characterized by remoteness, with a bad state of public infrastructure including transportation, electricity, and sanitation and health facilities. The provinces additionally indicate a high state of land degradation and limited natural vegetation cover, given the low annual rainfalls. A breakdown according to the subcategories of social susceptibility, ecosystem susceptibility, and lack of coping capacities is presented in the Supplementary Material. Figure 7 visualizes drought risk on a pixel level with a size of 1 km 2 . This map incorporates drought frequency during the past thirty years . The highest drought risk to irrigated agricultural systems is observed in Chipinge, whereas a high drought risk to rainfed agriculture occurs in multiple districts, including Buhera (Manicaland), Mount Darwin (Mashonaland Central), Gokwe South (Midlands), Beitbridge, Gwanda, Matobe, and Mangwe (Matabeleland South). Agricultural systems in Mashonaland East indicate the lowest risk scores; however, the exposure is relatively high. These maps provide an overview of the spatial distribution of agricultural systems at risk to drought, whereas the next map complements these findings by taking the severity of drought events into account. [61] . Vulnerability data derived from sources presented in Table 3 . Figure 8 shows the drought risk on a district level according to the drought severity classes: mild, moderate, severe, and extreme. The spatial variation of the severe and extreme severity classes is much higher compared to mild and moderate droughts. Mashonaland East and Manicaland are generally less at risk to severe and extreme drought. Beitbridge and Bulilima indicate the highest risk of severe droughts. Mangwe, Matobo, Gwanda, Mwenezi, and Chiredzi show the highest risk to extreme drought. This analysis complements the hazard frequency assessment (Figure 4 ). Beitbridge, for instance, is frequently affected by drought, and subsequently has very high risk scores for mild, moderate, and severe droughts. Hwange also indicates a high frequency of drought events; however, the risk of extreme drought is just moderate. Chipinge has a moderate to high risk to all severity classes, but is less frequently affected by drought. [61] . Vulnerability data derived from sources presented in Table 3 .
Drought Risk
Since the focus of this analysis is on agricultural systems, the drought risk index was plotted against the population working in the agricultural sector and the size of exposed agricultural lands (represented by the bubble size) (Figure 9 ). This graphic is particularly important to complement the results of the spatial risk analysis (Figure 7 and 8 ). Mangwe and Hurungwe, for instance, are at high risk to mild, moderate, severe, and extreme droughts, but have a comparably low share of people working in the agricultural sector. Mutare also has a high percentage of people dependent on agriculture, but is less affected by drought compared to the neighboring district Chipinge, that equally indicates a large share of population working in this sector. 
Discussion
Like many Sub-Saharan countries, Zimbabwe faces frequent and severe droughts with adverse impacts on people, ecosystems and rural livelihoods in the agricultural sector. Against this background, the Government of Zimbabwe, in collaboration with the United Nations Convention to Combat Desertification (UNCCD), has recently developed the 'National Drought Plan for Zimbabwe' [56] with the intention of providing a guideline for proactive drought risk management. Among other things, the National Drought Plan identifies drought vulnerability and risk assessment, including GIS mapping, as a key priority for the country [56] .
This paper responds to these articulated policy needs, and presents the first attempt to assess drought risk for irrigated and rainfed systems in a spatially-explicit manner. By integrating drought hazard information, as well as data on the associated exposure and vulnerability of agricultural systems to drought hazards, our analysis goes beyond existing studies in the country which have either focused on drought monitoring and early warning [26, 46] , or on the assessment of the country's general vulnerability to climate change [32, 33, 47, 48] .
The use of remote sensing techniques, in particular the VHI, is very useful as a proxy for drought development. The findings provide a spatially-and temporally-consistent time series of drought events of the past thirty years (Figure 3 ). Moreover, a combined approach of drought frequency and severity based on remote sensing data was lacking for Zimbabwe, in spite of its high relevance to identifying drought prone regions. The utilized raw data is open source and can be adapted to different time periods and geographical areas. A clear advantage of remote sensing-derived data is the independence from monitoring stations (e.g., weather stations in the field).
However, given the complexity of conceptualizing drought hazard, representing this slow-onset hazard with only one indicator is a narrow approach. In general, a drought hazard analysis would be more meaningful if it included multiple parameters (i.e. precipitation, groundwater flow, [103] , the standardized precipitation index (SPI) [104] , the Surface Water Supply Index (SWSI) [105] , and the Crop Specific Drought Index (CSDI) [106] . Those indices have specific advantages and shortcomings; however, all of them require spatially-and temporally-consistent climatological and hydrological data inputs, which are restricted in Zimbabwe [26] . Additionally, many input parameters, e.g., precipitation data, are mainly recorded in a tabular manner, rather than cartographically, which complicates the determination of spatial patterns [46] . Further, as VHI is not only used as a proxy for monitoring drought development, but also as an indicator of land degradation, the results of the VHI analysis must be interpreted with care, in particular in the context of Zimbabwe, where land degradation has been identified as a pressing issue [107] . From a conceptual perspective, it is also debatable whether the VHI is suitable to quantify drought hazard, since decreased vegetation health is already an observed impact of drought. Nevertheless, comparing vegetation health values over many seasons makes it possible to identify drought years [37, 69, 73] , but the index is probably less suitable when looking at one single season. The analysis also shows that it is crucial to look at longer time spans when analyzing drought, since this hazard displays fundamentally different spatial patterns during the last thirty years in Zimbabwe (Figure 3 ).
Composite-indicator approaches are very valuable for aggregating multiple underlying vulnerability factors [54, 66, 82, 101] , though using large datasets has certain limitations. Vulnerability indicators must address multiple dimensions that are highly relevant in the context of drought [7, 42, 64] ; however, aggregating individual indicators in a coherent manner reflecting reality is challenging [63] . Moreover, given the limited data availability in Zimbabwe, it was not possible to assess drought vulnerability in a temporally-dynamic way. This is a clear limitation in the case of Zimbabwe [56] , since the country's political system and the agricultural sector have gone through major changes during the last thirty years [28, 108] , accompanied by changing vulnerability levels, in particular among the rural population [51] .
Despite the presented limitations, vulnerability assessments are crucial to understanding why people are disproportionately affected by drought, and to identifying entry points for vulnerability reduction. As such, the importance of vulnerability assessments is on the national agenda, and vulnerability is frequently assessed by the Zimbabwe Vulnerability Assessment Committee (ZimVAC) [84, 109] . However, the institutionalization of this information and its incorporation into efficient vulnerability reduction approaches is a slow process that needs to be strengthened in the future [6] . It was found that high vulnerability levels undermine the implementation of drought adaptation strategies, which makes the impacts of drought even more devastating [33, 48] . Hence, comprehensive drought assessments should give entry-points for vulnerability reduction to set the path towards efficient drought adaptation.
In districts that indicate particularly high vulnerability scores, for instance Mangwe and Bulilima, negative coping strategies are applied to deal with drought, most commonly selling livestock [50] , which further exaggerates vulnerability. Humanitarian assistance often comes too late to prevent depletive coping, which also includes reducing meals and pulling children out of school in Zimbabwe [28] . Diversifying livelihood strategies and supporting farming households before the hazard materializes is key to prohibiting the uptake of negative coping strategies [28, 110] .
The prevalence of shock-recovery-shock cycles in Zimbabwe due to the high frequency and severity of droughts must be addressed with long-term risk mitigation and risk transfer strategies instead of providing costly food aid when a state of disaster is declared [28] . Continuous drought monitoring has the potential to support this, as drought predictability will improve preparedness and strengthen the development of early warning mechanisms [111] . Furthermore, national assessments give an overview of priority regions, but must be complemented by local-level, in-depth analyses of drought hazard, exposure, and vulnerability. The output of those assessments should be compiled into drought management plans with local ownership [56] .
Strategies focusing on risk mitigation, including sustainable agricultural techniques and drought-resistant crops, are particularly useful for regions that are frequently hit by drought, but with low to moderate severity (e.g., Kadoma). For districts that are less often affected by drought, but with high severity (e.g., Chipinge), risk transfer schemes carry enormous potential. Drought risk insurance, for example, is very useful in this context [26, 28] . Other districts are frequently and severely affected by drought (e.g., Beitbridge, Buhera and Bulilima). Hence, forecast-based financing is another option to decrease the costs and dependency on humanitarian aid by predicting drought seasons and providing assistance before the hazard materializes [112, 113] . This can also give entry points for drought adaptation, e.g., selecting drought-tolerant varieties for that season or adjusting the planting period.
However, the adoption of agricultural innovations, such as drought-resistant varieties or conservation agriculture, is often undermined by the financial constraints of low-resourced farmers [114] , but carries enormous potential to make the overall agricultural production more resilient to drought [35] . During drought years in Zimbabwe, farmers are sometimes forced to replant several times, which is a large financial burden and could be avoided by agricultural adaptation strategies [115] . This also requires temporally-and spatially-consistent drought monitoring. Since the lack of adaptation and preparedness strategies has also been acknowledged by the government [55, 116] , future investments and capacity building might set the path towards more proactive risk reduction supporting case-specific and tailor-made adaptation strategies.
In light of climate change and expected increases in the magnitude and frequency of natural hazards, the dependency on agricultural outputs makes Zimbabwe extremely vulnerable. While hazard analyses outline which districts are frequently and severely affected by drought, vulnerability analyses help identifying entry points for vulnerability reduction measures. Thus, these analyses could support policy and decision makers in prioritizing key intervention areas and formulating strategies that will be essential to dealing with future drought episodes in a proactive manner. A deeper understanding of risks and their underlying factors, as presented in this analysis, will be key in encouraging a paradigm shift from reactive towards proactive drought risk management [17, 28] . Systematic drought risk assessments, if taken up by policy and decision makers, have the potential to enforce the mainstreaming of proactive drought risk management approaches in planning and programming on different levels across spatial, temporal, and sectoral boundaries [117] .
Conclusions
A combined assessment of hazard, exposure, and vulnerability for Zimbabwe was lacking, and is presented here for the first time as an integrated approach. The findings highlight the added value of mixed-methods approaches, in particular, combining remote-sensing techniques for hazard and exposure assessments with statistical and spatial data to quantify vulnerability. To date, most drought risk assessments have focused either on the hazard or vulnerability context, ignoring the interplay between the components of risk, which are essential to developing a comprehensive risk reduction strategy. The outcome of such an assessment is the development of powerful visualization tools that can inform policy makers about regions that are particularly at risk and are suitable for awareness raising to communicate the results in a simple and efficient manner. Moreover, the results provide entry points for drought adaptation, and may support a more strategic implementation of risk reduction measures. 
